Abstract: Simultaneous real-time fMRI and EEG neurofeedback (rtfMRI-EEG-nf) is an emerging neuromodulation approach, that enables simultaneous volitional regulation of both hemodynamic (BOLD fMRI) and electrophysiological (EEG) regional brain activities. Here we report the first application of rtfMRI-EEG-nf for emotion self-regulation training in patients with major depressive disorder (MDD). In this proof-of-concept study, MDD patients in the experimental group (n=16) used rtfMRI-EEG-nf during a happy emotion induction task to simultaneously upregulate four brain activity measures relevant to MDD. The target measures included BOLD activities of the left amygdala (LA) and left rostral anterior cingulate cortex (rACC), and frontal EEG asymmetries in the alpha band (FAA,.5] Hz) and high-beta band (FBA, [21-30] Hz). MDD patients in the control group (n=8) were provided with sham feedback signals. The experimental group participants achieved significant increases in the LA BOLD activity, FAA, and FBA during the rtfMRI-EEG-nf task, as well as significant enhancement in fMRI connectivity between the LA and left rACC. Temporal correlations between the FAA and FBA time courses and the LA BOLD activity were significantly enhanced during the rtfMRI-EEG-nf task. The experimental group participants reported significant mood improvements after the training. Our results demonstrate potential of the rtfMRI-EEG-nf for treatment of MDD.
INTRODUCTION
We have introduced simultaneous real-time fMRI and EEG neurofeedback (rtfMRI-EEG-nf) -an emerging neuromodulation approach, that enables simultaneous volitional regulation of both hemodynamic (BOLD fMRI) and electrophysiological (EEG) regional brain activities . It involves real-time integration of simultaneously acquired fMRI and EEG data streams to provide real-time fMRI neurofeedback (rtfMRI-nf) and EEG neurofeedback (EEG-nf) signals simultaneously to a participant inside the MRI scanner Zotev et al., 2014) . This multimodal neurofeedback approach holds two major promises for treatment of neurological and psychiatric disorders. First, application of rtfMRI-EEG-nf may conceivably have stronger therapeutic effects than standalone applications of either rtfMRI-nf (e.g. Linhartová et al., 2019) or EEG-nf (e.g. Micoulaud-Franchi et al., 2015) . The reason is that rtfMRI-EEG-nf can target disorder-specific brain activity measures identified by two very different imaging modalities -fMRI and EEG (e.g. Mulert & Lemieux, 2010) .
Second, rtfMRI-EEG-nf training may help to develop personalized mental strategies that would reliably engage both the fMRI and EEG target brain activities at the same time and further enhance their interactions. Such experimentally verified mental strategies could then be employed during EEG-nf-only training, which may provide a cost-effective, mobile, and long-term therapy in support of the rtfMRI-EEG-nf training. Until now, rtfMRI-EEG-nf has only been used in proof-of-principle studies with healthy participants Zotev et al., 2014) .
Here we report the first application of rtfMRI-EEG-nf for emotion self-regulation training in a neuropsychiatric population, specifically -in patients with major depressive disorder (MDD). During the rtfMRI-EEG-nf task, the participants were asked to induce happy emotion by retrieving and contemplating happy autobiographical memories, and, simultaneously, to upregulate two rtfMRInf signals and two EEG-nf signals. The four neurofeedback signals represented four brain activity measures relevant to MDD, as we explain below.
The first rtfMRI-nf signal in our study is based on BOLD activity of the left amygdala (LA) target region of interest (ROI), as used in our previous rtfMRI-nf emotion self-regulation studies with healthy participants (Zotev et ___________________ # Corresponding authors. E-mail: vzotev@laureateinstitute.org; jbodurka@laureateinstitute.org al., 2011), MDD patients Zotev et al., 2016) , and PTSD patients . The amygdala plays a fundamental role in emotion processing. In MDD, the amygdala shows exaggerated BOLD responses to negative emotional stimuli, and blunted responses to positive emotional stimuli (e.g. Price & Drevets, 2012; Suslow et al., 2010; Victor et al., 2010) . Upregulation of the LA activity using the rtfMRI-nf during the positive emotion induction task based on retrieval of happy autobiographical memories has been shown to correct the amygdala negative emotional reactivity bias in MDD, and lead to significant reduction in depression severity (Young et al., 2017) . A similar rtfMRI-nf training procedure in PTSD patients led to significant reduction in depressive symptoms comorbid with PTSD symptoms .
The second rtfMRI-nf signal is based on BOLD activity of a target ROI in the left rostral anterior cingulate cortex (rACC). The rACC function is very important in MDD (e.g. Pizzagalli, 2011) . Resting rACC activity, measured by PET prior to antidepressant treatment, has been shown to reliably predict MDD patients' treatment response (Mayberg et al., 1997) . The elevated rACC activity in the responders is attributed to a better adaptive selfreferential processing, as opposed to maladaptive rumination (Pizzagalli, 2011) . After treatment, MDD patients show enhanced fMRI functional connectivity between the rACC and the amygdala, both at rest and during exposure to neutral and positive emotional images (Anand et al., 2005) . We have demonstrated that, in healthy participants, the rtfMRI-nf modulation of the LA activity during happy emotion induction is accompanied by significant enhancement, across nf runs, in fMRI connectivity between the LA and the left rACC (Zotev et al., 2011) . Moreover, effective connectivity analyses suggest that the left rACC plays an important role during the rtfMRI-nf training, modulating activity of the LA and several prefrontal regions (Zotev et al., 2013) . In MDD patients, resting fMRI connectivity between the LA and the left rACC, which negatively correlates with depression severity, is increased after the rtfMRI-nf training . These results suggest that enhancement in fMRI connectivity between the LA and the left rACC by means of rtfMRI-nf during happy emotion induction should be beneficial to MDD patients. Therefore, in the present study, we aim to enhance interactions and fMRI connectivity between these two regions through simultaneous upregulation of the LA and left rACC rtfMRI-nf signals.
The first EEG-nf signal in our study represents change in frontal alpha EEG asymmetry, which we abbreviate here as FAA. The FAA is defined as ln(P(right)) -ln(P(left)), where P is EEG power in the alpha band for corresponding (pre)frontal EEG channels on the right and on the left (e.g. F4 and F3) . Because change in alpha EEG power negatively correlates with cortical neuronal activation (e.g. Cook et al., 1998) , a more positive FAA indicates a relatively stronger activation of the left prefrontal regions. The FAA is commonly interpreted according to the approach-withdrawal hypothesis, positing that activation of the left prefrontal regions is more closely associated with approach motivation, while activation of the right prefrontal regions is associated with avoidance motivation (e.g. Davidson, 1996; Harmon-Jones & Gable, 2018; Spielberg et al., 2013) . Indeed, approach-related emotional states, such as happiness, are characterized by more positive FAA levels than avoidance-related states, such as fear or disgust (e.g. Davidson, 1996; Stewart et al., 2014) . MDD patients and individuals with history of depression show significantly lower FAA levels during an emotional task (either approach-or avoidance-related) than non-depressed participants performing the same task (Stewart et al., 2011 (Stewart et al., , 2014 . Resting-state FAA is also reduced in MDD patients compared to non-depressed individuals (e.g. Thibodeau et al., 2006) , though the findings are less robust than those for an emotional challenge (e.g. Smith et al., 2018; Stewart et al., 2014) . The taskrelated FAA results suggest that upregulation of FAA using EEG-nf during happy emotion induction would benefit MDD patients. Emotion regulation with FAA-based EEGnf has been explored in several studies (e.g. Allen et al., 2001; Baehr et al., 1997; Cavazza et al., 2014; Choi et al., 2011; Peeters et al., 2014; Quaedflieg et al., 2016; Rosenfeld et al., 1995) .
Importantly, the FAA upregulation using the EEG-nf in the present experimental design is consistent with the LA BOLD activity upregulation using the rtfMRI-nf. Because rtfMRI-nf training in general is a goal-oriented behavior, it requires approach motivation to be successful. In our previous study, MDD patients, who underwent rtfMRI-nf training of the LA activity, showed positive FAA changes, indicative of stronger approach motivation, during the rtfMRI-nf task (Zotev et al., 2016) . The individual FAA changes significantly correlated with the MDD patients' depression severities, suggesting the possibility of correction of the trait FAA deficiencies specific to MDD (Zotev et al., 2016) . Moreover, the mean FAA changes positively correlated with the amygdala BOLD laterality values, and temporal correlation between the FAA and the LA BOLD activity was significantly enhanced during the rtfMRI-nf task (Zotev et al., 2016) . This connection between the two activity measures justifies their simultaneous modulation using the rtfMRI-EEG-nf.
The second EEG-nf signal represents change in frontal high-beta EEG asymmetry, abbreviated here as FBA. The FBA is defined as ln(P(left)) -ln(P(right)), where P is EEG power in the high-beta (beta3) band [21] [22] [23] [24] [25] [26] [27] [28] [29] [30] Hz for respective EEG channels on the left and on the right (e.g. F3 and F4). Because cortical activation positively corre-lates with change in high-beta EEG power (Cook et al., 1998) , a more positive FBA is associated with a relatively stronger activation of the left prefrontal regions (similar to FAA). MDD patients, when compared to healthy controls, exhibit elevated resting high-beta EEG activity in the right prefrontal regions, and deficient high-beta activity in the precuneus/posterior cingulate (Pizzagalli et al., 2002) . This means that resting-state FBA is reduced in MDD. A psychoneurotherapy study, involving high-beta EEG-nf, has shown that alleviation of MDD symptoms is associated with reduction in resting high-beta EEG activity in the prefrontal cortex and increase in such activity in the precuneus/posterior cingulate (Paquette et al., 2009) . For the responders in that study, the high-beta EEG activity reduction was larger in the right prefrontal regions than in the corresponding regions on the left (Paquette et al., 2009) , indicating more positive resting-state FBA after the treatment. These results suggest that more positive FBA may be beneficial to MDD patients. We have already demonstrated that healthy participants can learn to simultaneously upregulate the LA BOLD activity and the FBA using rtfMRI-EEG-nf while inducing happy emotion .
We conducted the rtfMRI-EEG-nf experiment, reported here, to test two main hypotheses. First, we hypothesized that MDD patients would be able to significantly increase the LA BOLD activity, the FAA, and the FBA using the rtfMRI-EEG-nf during happy emotion induction. We also expected to see a significant enhancement in fMRI connectivity between the LA and left rACC. Second, we hypothesized that performance of the rtfMRI-EEG-nf task would be accompanied by significant enhancements in temporal correlations between the FAA and FBA time courses and the LA BOLD activity.
METHODS

Participants
The study was conducted at the Laureate Institute for Brain Research. It was approved by the Western Institutional Review Board (IRB). All the study procedures were performed in accordance with the principles of the Declaration of Helsinki.
Twenty four unmedicated MDD patients completed an rtfMRI-EEG-nf training session. They provided a written informed consent as approved by the IRB, and received a monetary compensation for their participation. All the participants met the criteria for MDD laid out in the Diagnostic and Statistical Manual of Mental Disorders, Fourth Edition Text Revision (DSM-IV-TR) (American Psychiatric Association, 2000) . Prior to the rtfMRI-EEGnf session, the participants had undergone a psychological evaluation by a licensed psychiatrist. It included administration of the following tests: the 21-item Hamilton Depression Rating Scale (HDRS, Hamilton, 1960) , the Montgomery-Asberg Depression Rating Scale (MADRS, Montgomery & Asberg, 1979) , the SnaithHamilton Pleasure Scale (SHAPS, Snaith et al., 1995) , the Hamilton Anxiety Rating Scale (HARS, Hamilton, 1959) , the 20-item Toronto Alexithymia Scale (TAS-20, Bagby et al., 1994) , and the Behavioral Inhibition System / Behavioral Activation System scales (BIS/BAS, Carver & White, 1994) . Both before and after the rtfMRI-EEG-nf session, the participants completed the Profile of Mood States (POMS, McNair et al., 1971) , the State-Trait Anxiety Inventory (STAI, Spielberger et al., 1970) , and the Visual Analogue Scale (VAS) with 10-point subscales for happy, restless, sad, anxious, irritated, drowsy, and alert states. Three MDD patients were in remission on the day of the experiment (HDRS ratings ≤ 7). BIS/BAS scores were unavailable for three participants out of 24.
The study participants were assigned to either an experimental group (EG) or a control group (CG) at 2:1 ratio in numbers. They were all given identical instructions and were unaware of their group status. During the training session, participants in the EG (n=16, 13 females) received the rtfMRI-EEG-nf, based on their real-time EEG and fMRI brain activity measures. Participants in the CG (n=8, 4 females) were provided, without their knowledge, with sham feedback signals, unrelated to brain activity. Because of the slow patient recruitment process, the experiments for the EG were performed first, followed by the experiments for the CG. The psychological trait measures for the EG and CG participants, assessed before the rtfMRI-EEG-nf session, are reported in Supplementary material (Table S1 ). There were no significant group differences in these trait measures.
Real-time fMRI and EEG neurofeedback
The rtfMRI-EEG-nf was implemented using the custom real-time control system for integration of simultaneously acquired EEG and fMRI data streams, described in Zotev et al., 2014 . The neurofeedback information was displayed to a participant inside the scanner on a projection screen via a multimodal graphical user interface (mGUI), depicted in Fig. 1a . The mGUI included four thermometer-style variable-height bars, and the heights of these bars, updated every 2 s, represented the four neurofeedback signals. Each bar's height was also indicated by a numeric value shown above that bar (Fig.  1a) .
The red rtfMRI-nf bar on the right represented BOLD fMRI activity of the left amygdala (LA) target ROI (Fig.  2a) . This spherical ROI with R=7 mm was centered at (−21, −5, −16) locus in the Talairach space (Talairach & Tournoux, 1988) , as in our previous studies (Zotev et al., 2011 (Zotev et al., , 2016 . The orange rtfMRI-nf bar represented fMRI activity of the left rACC target ROI (Fig. 2b) . This ROI, also with R=7 mm, was centered at (−3, 34, 5) locus, which had exhibited significant enhancements in both functional and effective fMRI connectivities with the LA during the rtfMRI-nf training in healthy participants (Zotev et al., 2011 (Zotev et al., , 2013 .
The magenta EEG-nf bar on the left represented a change in relative alpha EEG asymmetry for channels F3 and F4 (Fig. 2c) . The relative alpha asymmetry was defined as A = (P(F4) -P(F3)) / (P(F4) + P(F3)), where P is EEG power in the alpha frequency band [7.5-12 .5] Hz. Note that normalized frontal alpha EEG asymmetry, commonly defined as FAA = ln(P(F4)) -ln(P(F3)), has a Gaussian distribution, appropriate for statistical analyses. However, its infinite variation range makes it less convenient for real-time applications. Therefore, we employed a change in the relative asymmetry A as a target measure for EEG-nf, and used the FAA in offline data analyses. The relative asymmetry A and the normalized asymmetry FAA are related by the Fisher transform with factor ½ . Similarly, the purple EEG-nf bar represented a change in relative high-beta EEG asymmetry, B = (P(F3) -P(F4)) / (P(F3) + P(F4)), where P is EEG power in the high-beta frequency band [21] [22] [23] [24] [25] [26] [27] [28] [29] [30] Hz. Normalized FBA = ln(P(F3)) -ln(P(F4)) was used in offline data analyses. Thus, the rtfMRI-EEG-nf was designed to enable upregulation of both the FAA and FBA simultaneously with upregulation of BOLD activities of the LA and L rACC.
For the control group (CG), the four actual neurofeedback signals were substituted, without the participants' knowledge, with sham feedback signals, which were computer generated and unrelated to any brain activity. The sham feedback signals were calculated, for each 40-s-long condition block, as random linear combinations of seven Legendre polynomials, as described previously . They were used to set heights of the four nf bars in real time (Fig. 1a) . These signals' waveforms were smooth, but random, and they also varied randomly across condition blocks and across participants.
Experimental protocol
The experimental protocol for training of emotion selfregulation using the rtfMRI-EEG-nf is illustrated in Fig.  1b . It has the same overall structure as the protocols we used previously (Zotev et al., 2011 (Zotev et al., , 2016 . The protocol included six EEG-fMRI runs (Fig. 1b) , each lasting 8 min 46 s. During the Rest run, the participants were asked to relax and rest while looking at a fixation cross. The five task runs -the Practice run, Run 1, Run 2, Run 3, and the Transfer run -consisted of alternating 40- s-long blocks of Happy Memories, Count, and Rest conditions (Fig. 1b) . Each condition was specified by visual cues that included a color symbol at the center of the screen and a text line at the top of the screen. For the Happy Memories with rtfMRI-EEG-nf condition blocks, the participants were asked to induce happy emotion by recalling happy autobiographical memories, while simultaneously trying to raise the levels of all four neurofeedback bars on the screen (Fig. 1a) . For the Count condition blocks, the subjects were instructed to mentally count back from 300 by subtracting a given integer. For the Rest condition blocks, the participants were asked to relax and rest while looking at the screen. No bars were displayed during the Rest and Count conditions, and during the Happy Memories conditions in the Transfer run. The Practice run was included to give the participants an opportunity to familiarize themselves with the rtfMRI-EEG-nf procedure. The Transfer run was included to evaluate whether the participants' learned ability to control the four target measures of brain activity generalized beyond the rtfMRI-EEG-nf training.
A target level for the rtfMRI-nf and EEG-nf signals was specified by the black horizontal bar above the red arrow in the middle of the mGUI screen (Fig. 1a) . To encourage the participants to improve their performance from run to run, the target level was raised in a linear fashion across the four nf runs. For the rtfMRI-nf signals, the target bar heights corresponded to 0.5%, 1.0%, 1.5%, and 2.0% fMRI percent signal changes for the Practice run, Run 1, Run 2, and Run 3, respectively. For the EEGnf signals, the same bar heights corresponded to A and B relative asymmetry changes by 0.05, 0.10, 0.15, and 0.20, respectively. The Count conditions involved counting back from 300 by subtracting 3, 4, 6, 7, and 9 for the Practice run, Run 1, Run 2, Run 3, and the Transfer run, respectively.
MRI and EEG data acquisition
All experiments were conducted on the General Electric Discovery MR750 3T MRI scanner with a standard 8-channel receive-only head coil. A single-shot gradient echo EPI sequence with FOV/slice=240/2.9 mm, TR/TE=2000/30 ms, flip angle=90°, 34 axial slices per volume, slice gap=0.5 mm, SENSE R=2 in the phase encoding (anterior-posterior) direction, acquisition matrix 96×96, sampling bandwidth=250 kHz, was employed for fMRI. Each fMRI run included 263 EPI volumes (the first three EPI volumes were included to allow fMRI signal to reach a steady state and were excluded from data analyses). Physiological pulse oximetry and respiration waveforms were recorded simultaneously with fMRI. The EPI images were reconstructed into a 128×128 matrix, resulting in 1.875×1.875×2.9 mm 3 fMRI voxels. A T1-weighted 3D MPRAGE sequence with FOV/slice =240/1.2 mm, TR/TE=5.0/1.9 ms, TD/TI=1400/725 ms, flip angle=10°, 128 axial slices per slab, SENSE R=2, acquisition matrix 256×256, sampling bandwidth=31.2 kHz, scan time=4 min 58 s, was used for structural imaging. It provided high-resolution anatomical brain images with 0.94×0.94×1.2 mm 3 voxels. EEG recordings were performed simultaneously with fMRI using a 32-channel MR-compatible EEG system from Brain Products, GmbH. The system included one BrainAmp MR plus amplifier. The EEG system clock was synchronized with the MRI scanner's 10 MHz clock using the Brain Products' SyncBox device. EEG data were acquired with 0.2 ms temporal and 0.1 µV measurement resolution (16-bit 5 kS/s sampling) in [0.016-250] Hz frequency band with respect to FCz reference. The ECG waveform was acquired with 0.5 µV resolution. BrainVision Recorder software (Brain Products, GmbH) was used for acquisition of raw EEG data, while BrainVision RecView software (Brain Products, GmbH) was employed for real-time EEG-fMRI artifact correction as described below. Technical details of the EEG-fMRI system configuration and raw data acquisition were reported previously (Zotev et al., 2012) . 
Modified MR-compatible EEG cap
In the present study, we implemented a novel procedure for more efficient real-time EEG-fMRI artifact suppression to improve quality of EEG-nf during fMRI. It involved a special modification of a standard 32-channel MR-compatible EEG cap (EASYCAP, GmbH), shown in Fig. 2d . In the modified cap, four EEG channels out of 31 -FC1, FC2, TP9, TP10 -were re-purposed for acquisition of reference artifact waveforms, which we refer to as R 1 (t), R 2 (t), R 3 (t), and R 4 (t), instead of EEG activity. For each of these channels, the lead was disconnected from its electrode, and connected to one end of a wire contour. The other end of the contour was connected to the Ref electrode (FCz, blue) via a 50 kOhm resistor. Geometries of the four contours were optimized so that electromotive forces (EMFs), induced in the contours during head movements in the MRI scanner's main field, approximate cardioballistic (CB) and random-motion artifacts picked up by EEG channels F3 and F4. The two shorter contours (brown wires in Fig. 2d ) followed the leads of channels F3 and F4, respectively, then looped around the Gnd electrode (AFz, black), and connected to the Ref via the resistors. The two longer contours (orange wires in Fig. 2d ) also followed the leads of F3 and F4, looped around electrodes Fp1 and Fp2, respectively, then around the Gnd, and connected to the Ref through the resistors. The resistors were nonmagnetic non-inductive surface mount thin film resistors (Vishay PNM1206-50KBCT-ND, 50k, 0.1%, 0.4W). After the modified cap had been placed and aligned on a participant's head, the wire contours were fixed tightly to the cap's fabric with adhesive tape. This EEG cap modification enabled acquisition of the four reference artifact waveforms, along with 27 EEG signal waveforms and one ECG waveform, using the standard 32-channel system configuration. The use of the modified EEG cap did not affect quality of the structural or functional MRI brain images.
Real-time EEG-fMRI artifact removal
The real-time procedure for EEG-fMRI artifact removal is depicted schematically in Fig. 3a . It is implemented in BrainVision RecView software, which receives raw EEG data from BrainVision Recorder software in real time. The procedure includes three consecutive steps.
First, the RecView MRI Artifact Filter is used to perform real-time average artifact subtraction (AAS) of MR artifacts. The AAS method takes advantage of temporal periodicity of an fMRI pulse sequence (period=TR) and associated MR artifacts (Allen et al., 2000) . After the correction, the data are lowpass filtered at Performance of the regression procedure for channels F3 and F4 across all experimental (task) runs for all participants. Each histogram bar represents a probability of observing a change in signal variance within a given 1 dB-wide interval after the regression across one experimental run. (d) Illustration of topographic properties of residual CB and random-motion artifacts after the real-time procedure (a). Topographies of independent components modeling such artifacts for a typical experimental run are shown. Note additional suppression of the artifacts for channels F3 and F4 compared to the surrounding EEG channels.
80 Hz (96 dB/octave) and downsampled to 250 S/s sampling rate (4 ms interval).
Second, real-time linear regression of CB and randommotion artifacts (Masterton et al., 2007) is conducted using the RecView Linear Derivation Filter. It is performed for channels F3 and F4 according to the formulas:
Here, V C (t,F3) and V C (t,F4) are corrected waveforms for F3 and F4 after the regression, {R i (t)}, i=1…4, are the reference artifact waveforms, and {a i }, {b i }, i=1…4, are linear regression coefficients. The coefficients are determined before each experimental run as explained below.
Third, the RecView Pulse Artifact Filter is used to carry out AAS of CB artifacts. The AAS in this case relies on quasi-periodic nature of cardiac activity and related CB artifacts (Allen et al., 1998) . Cardiac epochs are determined from the ECG waveform, and a moving average over 21 epochs is subtracted from each channel's data. Note that the linear regression procedure attenuates CB and random-motion artifacts without any assumptions about their temporal periodicity. Therefore, the linear regression and the AAS reduce CB artifacts independently, enabling more efficient real-time CB artifact suppression for channels F3 and F4.
The linear regression coefficients {a i }, {b i }, i=1…4, are determined as follows. After the real-time application of the MRI Artifact Filter, the data are bandpass filtered in the Hz range (96 dB/octave) using the RecView Frequency Filter, and saved to a file. After each experimental run, a MATLAB script is executed offline. It includes the glmfit() function to solve general linear models (GLMs) fitting the reference artifact waveforms to the waveforms from channels F3 and F4: F4) . Here, e(t, F3) and e(t,F4) are neuronal and other signal components showing no correlations with the reference artifact waveforms. The fitting is carried out across the entire run. The GLM coefficients {a i }, {b i }, i=1…4, are then entered into the Linear Derivation Filter to enable the real-time artifact regression during the next experimental run. Thus, the real-time regression during the Practice run employs the coefficients determined from the data for the Rest run, the regression during Run 1 utilizes the coefficients computed from the data for the Practice run, and so on (Fig. 1b) . Remarkably, the fact that the regression coefficients were determined from the preceding run's data had little effect on the efficiency of the artifact regression in terms of signal variance reduction, suggesting that overall properties of CB and randommotion artifacts did not change much from one run to the next.
Performance of the real-time artifact regression procedure is demonstrated in Figs. 3b,c,d . Fig. 3b illustrates reduction in variance of an artifactcontaminated EEG signal after the regression for a typical experimental run. Histograms of signal variance changes across all task runs for all participants in both groups (24×5 = 120 runs) are shown in Fig. 3c . The mean signal variance reductions after the real-time regression across one run are 5.3 dB for F3 and 5.1 dB for F4. Larger variance reductions are observed for participants with stronger heart beats leading to stronger CB artifacts. Fig.  3d shows topographies of residual CB and random-motion artifacts from an independent component analysis (ICA) applied offline to representative single-run EEG data after the real-time artifact correction procedure (Fig. 3a) . The inclusion of the real-time artifact regression for channels F3 and F4 leads to an additional suppression of residual CB and random-motion artifacts for these two channels compared to surrounding EEG channels, for which only AAS of CB artifacts was performed.
Real-time data processing
Implementation of the rtfMRI-EEG-nf in the present study was similar to that in our previous work , except that two rtfMRI-nf signals and two EEG-nf signals were computed and displayed to a participant at the same time (Fig. 1a) .
Each rtfMRI-EEG-nf experiment began with acquisition of a high-resolution MPRAGE anatomical brain image, followed by acquisition of a short EPI dataset (5 volumes). The last volume of the EPI dataset was employed as a reference EPI volume defining the subject's individual EPI space. The MPRAGE image was transformed to the Talairach space, and this transformation was used as a template to transform the LA and L rACC target ROIs from the Talairach space (Figs. 2a, b) to the individual EPI space. The resulting ROIs in the EPI space contained approximately 140 voxels each. During the subsequent EEG-fMRI runs, the real-time plugin in AFNI (Cox, 1996; Cox & Hyde, 1997 ) was used to perform volume registration (Cox & Jesmanowicz, 1999) of each acquired EPI volume to the reference EPI volume and export mean values of fMRI signals for these two ROIs in real time. These fMRI signal values were sent to the mGUI software via a TCP/IP socket ( Fig. 1 in Zotev et al., 2014 ). An rtfMRI signal for the LA target ROI was computed for each Happy Memories condition as a percent signal change with respect to the baseline obtained by averaging the LA fMRI signal values for the preceding Rest condition block (Fig. 1b) . A moving average of the current and two preceding LA rtfMRI signal values was computed to reduce effects of fMRI noise and physiological artifacts. This moving average was used to set the height of the red rtfMRI-nf bar (Fig. 1a) every TR=2 s. An rtfMRI signal for the L rACC target ROI was calculated in the same way, and its moving average was used to set the height of the orange rtfMRI-nf bar (Fig.  1a) .
During each EEG-fMRI run, the real-time correction of MR, random-motion, and CB artifacts was performed in the RecView software as described above (Fig. 3a) . The corrected EEG data were exported in real time as data blocks of 8 ms duration via a TCP/IP socket to the EEG processing modules of the EEG-fMRI data integration software ( Fig. 1 in Zotev et al., 2014) . These modules were written in Python and utilized NumPy functions. FFT power spectra for channels F3 and F4 were computed every 2 s for a moving data interval of 2.048 s duration with Hann window. The relative alpha EEG asymmetry A and the relative high-beta EEG asymmetry B were calculated as described above. The A and B values were sent via a TCP/IP socket to the mGUI software, where they were processed along with the corresponding fMRI signal values using a separate software thread. For each Happy Memories condition, a change in A was determined as a difference between the current A value and the baseline obtained by averaging A values for the preceding Rest condition block (Fig. 1b) . A moving average of the current and two preceding A changes was computed. This moving average (multiplied by 10) was used to set the height of the magenta EEG-nf bar (Fig. 1a) every 2 s. A change in B for each Happy Memories condition was calculated in the same way, and its moving average (multiplied by 10) was used to set the height of the purple EEG-nf bar on the screen (Fig. 1a) .
fMRI data analysis
Offline analysis of the fMRI data was performed in AFNI (Cox, 1996; Cox & Hyde, 1997) as described in detail in Supplementary material (S1.1). The analysis involved fMRI pre-processing with despiking, cardiorespiratory artifact correction (Glover et al., 2000) , slice timing correction, and volume registration. A general linear model (GLM) fMRI activation analysis with Happy Memories and Count block-stimulus conditions was applied to the preprocessed fMRI data. Average GLMbased fMRI percent signal changes for the Happy Memories vs Rest condition contrast and for the Happy Memories vs Count contrast were computed for the LA and L rACC target ROIs (Figs. 2a, b) and used to characterize the rtfMRI-nf performance.
fMRI-based PPI analysis
To evaluate changes in the left amygdala fMRI functional connectivity between experimental conditions, we conducted a psychophysiological interaction (PPI) analysis (Friston et al., 1997; Gitelman et al., 2003) , as described in detail in Supplementary material (S1.2). The analysis was based on fMRI time course for an LA seed ROI. This time course was used to define the fMRI-based PPI correlation regressor and the fMRI-based PPI interaction regressor for the Happy Memories vs Rest condition contrast (S1.2). A single-subject fMRI-based PPI analysis for each run involved solution of a GLM model with these two PPI regressors (S1.2).
EEG data analysis
Offline analysis of the EEG data was performed using BrainVision Analyzer 2.1 software (Brain Products, GmbH) as described in detail in Supplementary material (S1.3). Removal of EEG artifacts was based on the average artifact subtraction (Allen et al., 1998 (Allen et al., , 2000 and independent component analysis (Bell & Sejnowski, 1995) , implemented in Analyzer 2.1. Time-frequency analysis with Morlet wavelets was used to compute EEG power as a function of time and frequency. The upper alpha EEG frequency band was defined individually for each participant as [IAF, IAF+2] Hz, where IAF is the individual alpha peak frequency. The IAF was determined by inspection of average EEG spectra for the occipital and parietal EEG channels across the Rest condition blocks in the four nf runs (Fig. 1b) . The normalized FAA was computed as FAA = ln(P(F4)) -ln(P(F3)), where P is EEG power as a function of time in the individual upper alpha EEG band [IAF, IAF+2] Hz for a given channel (F3 or F4). In addition to the FAA, a power-sum function ln(P(F4)) + ln(P(F3)) was calculated for the upper alpha band. Similarly, the normalized FBA was computed as FBA = ln(P(F3)) -ln(P(F4)), where P is EEG power as a function of time in the high-beta frequency band [21] [22] [23] [24] [25] [26] [27] [28] [29] [30] Hz. A power-sum function was calculated for the same channels for the high-beta band. Average FAA and FBA changes between the Rest and Happy Memories conditions were used to characterize the EEG-nf performance.
EEG-based PPI analyses
To investigate how temporal correlations between FAA (or FBA) and BOLD activity changed between experimental conditions, we performed PPI analyses adapted for EEG-fMRI (Zotev et al., , 2016 , as described in detail in Supplementary material (S1.4). The FAA time course was used to define the FAA-based PPI correlation regressor and the FAA-based PPI interaction regressor for the Happy Memories vs Count condition contrast (S1.4). The FAA-based PPI regressors were orthogonalized with respect to the corresponding PPI regressors based on the EEG power sum. A single-subject EEG-based PPI analysis for each run involved solution of a GLM model with these two PPI regressors (S1.4). For FBA, the PPI analysis was conducted separately in a similar way.
RESULTS
Emotional state changes
The MDD patients' mood ratings before and after the rtfMRI-EEG-nf session and statistics for the rating changes are reported in Table 1 . Four mood ratings most relevant to the present study -POMS depression, confusion, and total mood disturbance, as well as VAS happiness -are included in the table. Significant improvements in these mood ratings with medium effect sizes were observed after the rtfMRI-EEG-nf session for the EG (Table 1 ). The corresponding mood improvements for the CG were non-significant with small effect sizes ( Table 1 ). The EG vs CG group differences in the mood rating changes were not significant.
Neurofeedback performance
The main rtfMRI-EEG-nf performance characteristics for the EG participants are exhibited in Figure 4 . The results were obtained in offline EEG and fMRI data analyses. To characterize nf performance across the entire nf training, we averaged individualsubject results across the four nf runs (Practice, Run 1, Run 2, Run 3), and compared their group mean to zero using a one-sample t-test (two-tailed). The corresponding significance (pvalue) and effect size (Cohen's d) are included at the bottom of each figure after the NF abbreviation. Fig. 4a demonstrates that the EG participants were able to significantly increase the FAA during the rtfMRI-EEG-nf task compared to the Rest condition (NF: t(15) =3.21, p<0.006) , with large effect size (d=0.80). Among the five runs in Fig. 4a , the most significant FAA change was observed for Run 2 (R2: t(15) =3.23, p<0.006, FDR q<0.028, d=0.81) . =2.71, p<0.016, d=0.68) . Among the five runs, the Practice run was characterized by the most significant FBA change (PR: t(15) =2.89, p<0.011, FDR q<0.056, d=0.72) . Fig. 4c demonstrates that the EG participants were able to significantly increase BOLD activity of the LA target ROI during the rtfMRI-EEG-nf task relative to the Rest baseline (NF: t(15) =3.21, p<0.006) , with large effect size (d=0.80). Among the five runs in Fig. 4c , the most significant LA activation was observed for the Practice run (PR: t(15) =3.65, p<0.002, q<0.012, d=0.91) . Fig. 4d illustrates significant enhancement in fMRI functional connectivity between the LA and the L rACC target ROI during the rtfMRI-EEG-nf task compared to the Rest condition, with medium effect size (NF: t(15) =2.49, p<0.025, d=0.62) . The fMRI connectivity changes were evaluated in the PPI analysis, based on the LA time course, as described above. Among the five runs, Run 2 was characterized by the largest connectivity change (R2: t(15) =1.73, p<0.103, q<0.335, d=0.43) . Average BOLD activity levels for the L rACC target ROI did not show significant difference between the EG and CG groups.
The average results across the nf runs (NF) in Fig. 4 remain significant after the multiple comparisons correction to account for testing the four quantities (FDR q<0.012, 0.021, 0.012, 0.025, respectively) . There are no Figure 5 exhibits the corresponding activity measures for the CG. The average results across the four nf runs (NF) are non-significant with negative effects (Fig. 5) . Importantly, the EG vs CG group differences are either significant or trending toward significance before correction (NF, EG vs CG: t(22) =2.14, p<0.044, d=0.93 for the FAA changes; t(22) =2.38, p<0.027, d=1 .03 for the FBA changes; t(22) =1.84, p<0.080, d=0 .79 for the LA activations; t(22) =2.82, p<0.010, d=1.22 for the L rACC vs LA connectivity changes). These group differences trend toward significance or remain significant after the multiple comparisons correction (FDR q<0.059, 0.054, 0.080, 0.040, respectively) . Note that the EG vs CG group difference in the average fMRI connectivity changes between the LA and the L rACC is more significant (p<0.010, d=1.22) than the fMRI connectivity changes for the EG (p<0.025, d=0.62). Fig. 6b . The most significant correlation between the FAA changes and the POMS depression changes was observed for Run 3 (R3: r=−0.64, p<0.008), i.e. at the end of the nf training. The average FAA changes also showed significant negative correlation with changes in POMS confusion rating p<0.044) .
FAA changes vs psychological measures
All the correlation results in Fig. 6 remained significant when they were controlled for the EG participants' age and gender, as detailed in Supplementary material (S2.1). For the CG, the correlations corresponding to those illustrated in Fig. 6 were not significant. Figure 7 shows whole-brain statistical maps of BOLD fMRI activity during the rtfMRI-EEG-nf training for the EG participants. The maps correspond to the Happy Memories vs Count condition contrast (H vs C). The individual-subject fMRI percent signal change maps were averaged for the four nf runs (Practice, Run 1, Run 2, Run 3). The group mean was compared to zero using a onesample t-test (df=15, two-tailed). The statistical results are summarized in Table 2 . The maps in Fig. 7 are FDR corrected with q<0.05 threshold, and the data in Table 2 with q<0.01 threshold. The results demonstrate significant positive BOLD contrast for the left amygdala and many areas of the limbic system. They also reveal pronounced BOLD laterality for the middle frontal gyrus (MidFG) and superior frontal gyrus (SFG) (Fig. 7, Table 2 ). Fig. 8 , left. The two ROIs were defined as areas of the left and right MidFG, specified in the TalairachTournoux atlas, with 42 ≤ z ≤ 57 mm. The fMRI percent signal changes were averaged for the left and right ROIs, and across the four nf runs for each participant. The average BOLD activity levels for the left MidFG ROI were significantly higher than those for the right MidFG ROI (based on paired t-test), as illustrated in Fig. 8 , left. This applied both to the Happy Memories vs Rest contrast (H vs R: t(15) =3.28, p<0.005, d=0.82) and to the Happy Memories vs Count contrast (H vs C: t(15) =4.46, p<0.0005, d=1.11) . Furthermore, the average MidFG BOLD laterality for the Happy vs Count contrast for the EG exhibited significant negative correlations with the after-vs-before changes in POMS state depression ratings (r=−0.58, p<0.019) and POMS total mood disturbance ratings (r=−0.65, p<0.006), as depicted in Fig. 8 , middle, right. For the Happy vs Rest contrast, the average MidFG BOLD laterality also showed negative correlations with these rating changes p<0.061; p<0.020) . For the CG, the results corresponding to those illustrated in Fig. 8 were not significant. Figure 9 shows associations between the average changes in fMRI functional connectivity between the LA and the L rACC target ROI during the rtfMRI-EEG-nf training and individual trait psychological measures for the EG participants. The fMRI connectivity changes during the rtfMRI-EEG-nf task relative to the Rest condition (H vs R) were averaged across the four nf runs. These changes exhibited negative and trending toward significance correlation with the patients' MADRS depression severity ratings (r=−0.46, p<0.075) and positive correlation with the BAS reward responsiveness ratings (r=0.52, p<0.070). For the CG, the corresponding correlations were not significant.
BOLD activity and laterality
Amygdala-rACC connectivity changes
Whole-brain statistical maps for the EG vs CG group difference in the LA fMRI connectivity changes during the rtfMRI-EEG-nf training are reported in Supplementary material (S2.2, Fig. S2 , Table S2 ). The results reveal three loci in the rACC area, characterized by the most significant EG vs CG group differences: (−8, 34, 7), (−9, 41, 5), and (3, 35, 9) . All three points are in close proximity to the center of the L rACC target ROI at (−3, 34, 5). fMRI connectivity changes between the LA and 10-mm-diameter ROIs centered at these loci are illustrated for each group in Supplementary Fig. S3 . Figure 10 describes changes in temporal correlations between time courses of the FAA and FBA and the LA BOLD activity during the rtfMRI-EEG-nf training. The correlation changes were computed as FAA-based or FBA-based PPI interaction effects, corresponding to the Happy Memories vs Count condition contrast (H vs C), and averaged within the LA ROI. Fig. 10a demonstrates that temporal correlation between the FAA and the LA BOLD activity was significantly enhanced during the rtfMRI-EEG-nf task compared to the Count condition for the EG (NF: t(15) =2.81, p<0.013, d=0.70) . There was no significant difference in the mean PPI interaction effects between Run 3 and the Transfer run (TR vs R3: t(15)=0.22, p<0.833) . Similarly, Fig.  10b indicates significant enhancement in temporal correlation between the FBA and the LA BOLD activity during the rtfMRI-EEG-nf task for the EG (NF: t(15) =2.51, p<0.024, d=0.62) . However, the PPI effect was negligible during the Transfer run in this case. For the CG, the FAA-based PPI interaction effect was negative yet small (Fig. 10c) , while the FBA-based PPI interaction effect was negative with large effect size (Fig. 10d) . Importantly, the EG vs CG group differences in the PPI interaction effects for the LA region were significant with large effect sizes for both the FAA (t(22)=2.32, p<0.030, d=1.00) and the FBA (t(22)=3. 90, p<0.001, d=1.69) .
EEG-fMRI correlations for the amygdala
For the left rACC target ROI (Fig.  2b) , the average FAA-based PPI interaction effect (not shown) trended toward significance for the EG (NF: t(15) =2.03, p<0.061, d=0.51) . The EG vs CG group difference in these PPI interactions for the L rACC also trended toward significance (t(22) =1.86, p<0.076, d=0.81) . For the FBA, the corresponding results were not significant.
Average individual values of the FAA-based PPI interaction effect for the LA ROI across the four nf runs for the EG exhibited significant positive correlation with the corresponding average values of the amygdala BOLD laterality (NF: r=0.53, p<0.035), as illustrated in Supplementary Fig. S4a . When the individual results were averaged across three nf runs (out of four) characterized by the most positive amygdala BOLD laterality values, the correlation was more significant (NF*: r=0.61, p<0.012), as shown in Fig. S4b . The amygdala BOLD laterality ('LA−RA') can be viewed as a measure of a participant's success in upregulating the target amygdala region (LA) relative to the non-target amygdala region (RA) (Zotev et al., 2016) . (Fig. 2b) between the Rest and Happy Memories conditions (H vs R, psychophysiological interaction effect) are reported. The results are for the experimental group (EG), with each data point corresponding to one participant (however, n=13 for the BAS). The individual PPI interaction results were averaged across the four nf runs (PR, R1, R2, R3). Abbreviations: MADRS -Montgomery-Asberg Depression Rating Scale, BAS -Behavioral Activation System scale. Figure 11 exhibits whole-brain statistical maps for the FAA-based PPI interaction effect corresponding to the Happy Memories vs Count condition contrast for the EG. The PPI interaction results from 12 EG participants were included in the group analysis. The other four cases were considered outliers based on the low amygdala BOLD laterality (Fig. S4) . For each participant, the PPI interaction maps were averaged for three nf runs (out of four) with the most positive individual amygdala BOLD laterality values. Statistical results for the FAA-based PPI interaction effect are summarized in Table 3 . The maps in Fig. 11 are FDR corrected with q<0.04 threshold, and the data in Table 3 -with q<0.02 threshold. Figure 12 shows whole-brain statistical maps for the FBA-based PPI interaction effect for the Happy Memories vs Count contrast for the EG. The group analysis was conducted in the same way as described above for the FAA. Statistical results for the FBA-based PPI interaction effect are summarized in Table 4 . The maps in Fig. 12 are FDR corrected at q<0.07 level, and the data in Table 4 -at q<0.05 level. Figure 13 compares the FAA-and FBA-based PPI interaction effects from Fig. 11 and Fig. 12 for the left amygdala and its vicinity. The results in Figs. 11-13 are discussed in detail below.
EEG-fMRI correlations across the brain
DISCUSSION
In this paper, we reported the first application of the simultaneous real-time fMRI and EEG neurofeedback (rtfMRI-EEG-nf) for emotion self-regulation training in patients with a neuropsychiatric disorder (MDD). This is also the first neurofeedback study in which participants had an opportunity to simultaneously regulate two rtfMRInf signals and two EEG-nf signals.
Following the rtfMRI-EEG-nf session, the MDD patients in the EG showed significant mood improvements, including significant reductions in state depression, confusion, and total mood disturbance, as well as significant increase in state happiness (Table 1) . These results indicate that the rtfMRI-EEG-nf training is beneficial to MDD patients. Importantly, the significant reduction in confusion suggests that the EG participants were able to develop a better grasp of the experimental procedure as the training continued, despite the relative complexity of the rtfMRI-EEG-nf task.
During the rtfMRI-EEG-nf training, the MDD patients in the EG learned to significantly increase BOLD activity of the LA and upregulate the FAA and FBA frontal EEG Table 3. asymmetries (Figs. 4a,b,c) . They also achieved significant enhancement in fMRI connectivity between the LA and the L rACC (Fig. 4d ) through simultaneous upregulation of these regions' BOLD activities. The LA activation and the FAA upregulation were characterized by large effect sizes (Figs. 4a,c) , while the FBA upregulation and the L rACC-LA connectivity enhancement had medium effect sizes (Figs. 4b,d) . Importantly, the EG vs CG group differences in these four measures either were significant or trended toward significance (Sec. 3.2), indicating that effects of the rtfMRI-EEG-nf were specific to the EG and different from those of the sham feedback in the CG.
In our previous study, which combined rtfMRI-nf of the amygdala activity with passive EEG recordings (Zotev et al., 2016) , the effect size for the LA activation was large (d=0.87), while the effect size for the associated FAA increase was small trending toward medium (d=0.45). In the present work, importantly, both effects sizes were large (d=0.80, Figs. 4a,c) , demonstrating the benefit of simultaneous upregulation of the LA BOLD activity and the FAA using the rtfMRI-EEG-nf. In our pilot study on rtfMRI-EEG-nf, in which rtfMRI-nf of the amygdala activity was provided simultaneously with EEG-nf aimed at increasing the FBA , the effect size for the LA activation was medium approaching large (d=0.79), and the effect size for the FBA upregulation was large (d=0.87). In the present work, the effect size for the FBA increase was medium (d=0.68, Fig. 4b ). There are at least two probable causes for this difference. First, the FBA-based nf signal in Zotev et al., 2014 was the only EEG-nf signal, and it was updated at a much higher rate (every 0.4 s). It is possible, therefore, that healthy participants in that study paid more attention to the FBA upregulation. Second, some MDD patients in the present study reported that it was easier to control the FAA-based nf signal (magenta bar), than the FBA-based nf signal (purple bar). It is conceivable, therefore, that they focused more on upregulating the FAA, rather than the FBA.
The average individual FAA changes during the rtfMRI-EEG-nf task for the EG showed significant positive correlations with the MDD patients' trait depression severity and anhedonia severity (Fig. 6a) . These findings are consistent with those reported in our previous study of EEG correlates of the amygdala rtfMRInf (Zotev et al. 2016) . MDD patients exhibit lower FAA levels compared to non-depressed individuals, particularly during an emotional challenge (Stewart et al., 2014) . The more positive FAA changes during the rtfMRI-EEG-nf task in the patients with more severe depression suggest the potential for correction of the trait FAA deficiencies Table 4. specific to MDD (Zotev et al., 2016) . Such correction may conceivably be associated with alleviation of trait depressive symptoms. This reasoning is further supported by the observed mood improvements. The MDD patients, who achieved more positive average FAA changes during the rtfMRI-EEG-nf task, showed stronger reductions in state depression and total mood disturbance after the training (Fig. 6b) .
The positive correlations between the FAA changes and the trait depression and anhedonia severities in Fig. 6a are not as strong as those in Zotev et al., 2016 . The primary reason is that FAA in the present study was explicitly modulated via the EEG-nf. Consequently, the FAA changes depended on individual EEG-nf performance, including a participant's attention to the FAA-based nf signal and effort to upregulate it. Indeed, the positive correlation between the FAA changes and the trait depression severity was the most significant for the Practice run (Fig. 6a) , when the participants were first exposed to the rtfMRI-EEG-nf, and became less significant as the training continued. Another possible reason is that the MDD patients in the present study had lower depression severity. The mean HDRS score for the EG is 14.4 (SD=7.0) in Table S1 , compared to the mean HDRS score of 20.5 (SD=4.0) in Zotev et al., 2016. Performance of the rtfMRI-EEG-nf task was associated with pronounced BOLD laterality for the dorsal PFC regions (Figs. 7,8) . BOLD activity levels during the rtfMRI-EEG-nf task (relative to the Count condition) were more positive for the MidFG and SFG areas on the left, compared to the corresponding MidFG and SFG areas on the right (Fig. 7) . The most significant positive BOLD contrast was observed for the left MidFG (BA 8) at (−40, 20, 47) , while the most significant negative contrast occurred in the right SFG (BA 8) at (27, 17, 49) (Table 2) . These locations are parts of the left and right DLPFC, respectively. Furthermore, the EEG electrodes F3 and F4 are situated above BA 8. Thus, the significant positive BOLD laterality for these regions, further illustrated in Fig. 8 , is consistent with the significant positive FAA and FBA changes for channels F3 and F4 (Figs. 4a,b) . The negative correlations between the average MidFG BOLD laterality values and the after-vs-before changes in the mood ratings (Fig. 8, Sec. 3.4) are consistent with the negative correlations between the average FAA changes and the same mood rating changes (Fig. 6b) . Therefore, the asymmetry/laterality effects during the rtfMRI-EEG-nf training are observed independently in the EEG and fMRI data analyses.
The enhancement in fMRI functional connectivity between the LA and the left rACC during the rtfMRI-EEG-nf task for the EG showed positive association with the MDD patients' trait reward responsiveness and negative association with their trait depression severity (Fig. 9) . This means that a stronger interaction between these two regions during the positive emotion induction with rtfMRI-EEG-nf should be beneficial to MDD patients. This observation is consistent with results of the previous studies that emphasized the important role of the rACC in modulating activity of the amygdala (e.g. Etkin et al., 2006; Pizzagalli, 2011; Zotev et al., 2013) . In the present work, the successful fMRI connectivity enhancement was achieved through simultaneous upregulation of the rtfMRI-nf signals for the two target ROIs (Fig. 1a) . This approach is similar to the one used by Ramot et al., 2017 . In future studies, an rtfMRI-nf signal based on an actual fMRI connectivity metric, such as Pearson's correlation coefficient, could be implemented and used along with the rtfMRI-nf of the amygdala activity.
The FAA-based PPI interaction results in Fig. 10a demonstrate that temporal correlation between the FAA time course (convolved with the HRF) and the LA BOLD activity was significantly stronger during the rtfMRI-EEG-nf task than during the control condition. The effect size across nf runs (d=0.70) was larger than in our study with the LA rtfMRI-nf only (d=0.42, Zotev et al., 2016) . Similarly, the FBA-based PPI interaction results in Fig.  10b demonstrate significant enhancement in temporal correlation between the FBA time course and the LA BOLD activity. This means that the EG participants were able, on the average, to upregulate the FAA and FBA simultaneously with the LA activity. Our results also suggest that the FAA was upregulated simultaneously with BOLD activity of the L rACC target ROI (Sec. 3.6). All three EEG-based PPI interactions had medium effect sizes for the EG, and large effect sizes when compared to those for the CG (Sec. 3.6). Interestingly, the average individual FAA-based PPI interaction effects for the LA showed significant positive correlation with the average individual amygdala BOLD laterality ('LA−RA', Fig. S4 ). This means that the EG participants, who were more successful at upregulating activity of the target amygdala region (LA) relative to the non-target region (RA), were also more successful at doing so simultaneously with increasing the FAA-based nf signal.
The whole-brain maps of the EEG-based PPI interaction effects in Figs. 11 and 12 demonstrate that temporal correlations of both the FAA and FBA with BOLD activity were significantly enhanced, during the rtfMRI-EEG-nf task for the EG, for large brain networks. Note that the FAA-and FBA-based PPI regressors were orthogonalized with respect to the corresponding regressors based on the EEG power sums for channels F3 and F4. Therefore, a positive PPI interaction effect for a given region means that its BOLD activity increases simultaneously with activation of cortical areas contributing to EEG signal measured by F3, and decreases simultaneously with deactivation of areas contributing to EEG signal measured by F4.
The results in both Fig. 11 and Fig. 12 show significant positive PPI interaction effects in the corresponding left and right DLPFC regions (MidFG, BA 9). For the FAA, these effects have maxima at (−36, 16, 24) and (49, 18, 24) , respectively (Fig. 11, Table 3 ). For the FBA, such effects peak at (−29, 35, 32) and (31, 41, 28) , respectively (Fig. 12, Table 4 ). These results are consistent with the common view of frontal EEG asymmetry as reflecting activation of the left DLPFC and deactivation of the right DLPFC (and vice versa). Within the approach-avoidance framework, these effects are interpreted as indicative of enhanced approach motivation and reduced avoidance motivation.
The results in Fig. 11 , together with other results in our study, reveal involvement of the left premotor cortex (PMC), specifically the precentral gyrus (PrecG), BA 6 in performance of the rtfMRI-EEG-nf task. A local maximum of the FAA-based PPI interaction effect is observed near the border of the left PrecG and MidFG at (−42, −4, 44) (Fig. 11, Table 3 ). This locus is relatively close to the location of the maximum of the corresponding BOLD activity contrast in the left MidFG at (−40, 20, 47) (Fig. 7, Table 2 ), which is also near the anterior boundary of the PrecG. Furthermore, the EG vs CG group difference in the LA connectivity enhancement during the rtfMRI-EEG-nf task was prominent in nearby regions of the left MidFG at (−53, 8, 36) and PrecG at (−51, 1, 33) (Fig. S2 , Table S2 ). Collectively, these results point to mutually consistent roles of the left DLPFC and the adjacent area of the left PMC during the rtfMRI-EEG-nf task.
The last conclusion is not surprising, because the anterior (rostral) PMC has strong interconnections with the prefrontal cortex (e.g. Chouinard & Paus, 2006; Hanakawa et al., 2003) . A recent meta-analysis of rtfMRInf studies with various target regions revealed consistent fMRI activation of bilateral DLPFC areas extending to PMC (Emmert et al., 2016) . The meta-analytic maxima in those areas were found at the boundaries of the MidFG and the PrecG (Table 2 therein). We hypothesize that the left DLPFC in our study is involved in mental strategy implementation, while the left PMC is involved in observation of the variable-height nf bars (attention to motion) and readiness to control them (intention to action). From this point of view, the involvement of the left PMC (Fig. 11, Table 3 ) suggests that the FAA modulation was closely associated with direct regulation of the corresponding EEG-nf signal.
Interestingly, resting-state EEG source imaging studies have suggested that motivation is related to activities of both the DLPFC and the PMC. Stronger reward bias in healthy individuals is associated with reduced upper alpha (alpha2) EEG activity (i.e. stronger activation) in the left MidFG, left SFG, and left PrecG (BA 6) (Pizzagalli et al., 2005) . Resting alpha EEG source laterality index shows negative correlations with MDD severity for both the MidFG and the PrecG regions (Smith et al., 2018) . It is suggested that the PMC activity may "facilitate mobilization of the body for approach-motivated behaviors" (Smith et al., 2018) . In the hierarchical model of approach/avoidance motivation by Sprielberg et al., the left DLPFC (BA 9) instantiates approach motivation at the strategic level, while the left PMC subserves it at the tactical level. Bi-directional interactions between these regions, together with their interactions with the ACC and other brain areas, are believed to enable adaptive goal pursuit (Sprielberg et al., 2013) . It should be noted that the anterior PMC regions are also engaged during motor imagery (e.g. Hanakawa et al., 2003) . Autobiographical memory retrieval and emotion regulation may involve imagination of action and self-involvement (Frank et al., 2014) . Such imagery, if present, would be consistent with the goals of our experimental procedure. It would enhance autobiographical recall and, if the corresponding PMC activity is left-lateralized, could elevate the FAA and FBA.
The results in Fig. 12 show the most significant FBAbased PPI interaction effect in the left SFG at (−19, 12, 42) , in proximity to the cingulate gyrus (Fig. 12, Table 4 ). This location is less lateral compared to the loci in the left MidFG and PrecG for the FAA (Table 3) , and engagement of those regions is less pronounced (Table 4) . Furthermore, significant FBA-based PPI interaction effects are found in many regions involved in autobiographical memory retrieval, including the hippocampus, the extended areas of the parahippocampal gyrus, the anterior thalamus, the precuneus (BA 31), the posterior cingulate (BA 29), the lingual gyrus (involved in visual memory), and others (Fig. 12, Table 4 ). These results suggest that the FBA modulation during the rtfMRI-EEG-nf task might have been more closely associated with activity of the autobiographical memory system than with direct regulation of the FBA-based nf signal. MDD patients show deficient high-beta activity in the precuneus/posterior cingulate (Pizzagalli et al., 2002) , which is the main posterior hub of the default mode network, also involved in autobiographical memory. This fact suggests that high-beta EEG activity is relevant to the autobiographical memory function, as well as other limbic functions (Paquette et al., 2009 ).
In the left amygdala area, the main statistical maximum for the FAA-based PPI interaction effect is observed in the superficial (SF) subdivision of the amygdala at (−17, −5, −17). Two additional maxima are found in the laterobasal (LB) amygdala subdivision at (−21, −6, −19) and (−21, −6, −11) (Fig. 13a, Table 3 ). These results are consistent with those in our previous study (Zotev et al., 2016) , which showed that the same PPI effect had the maximum in the SF subdivision at (−17, −3, −16) (Table 2 therein). For the FBA in the present study, the main statistical PPI interaction maximum is located in the LB subdivision at (−28, −5, −10) (Fig. 13b, Table 4 ). This result is consistent with that in another previous work , which showed that the same PPI effect was more pronounced in the LB subdivision of the left amygdala (Fig. 4 therein) . Therefore, the FAA temporal variations during the rtfMRI-EEG-nf task exhibited enhanced correlations with BOLD activities of both the SF and LB amygdala subdivisions, while the FBA variations showed enhanced correlation with activity of the LB subdivision only. Compared to the LB, the SF subdivision is more closely involved in processing reward-related and socially relevant information (Bzdok et al., 2013) .
Overall, the improved real-time EEG-fMRI artifact removal procedure (Fig. 3 ) allowed us to provide reliable EEG-nf signals based on FAA and FBA. For the EG, the FAA upregulation results were more significant (Figs. 4a,  10a ) than the corresponding FBA results (Figs. 4b, 10b) . However, the EG vs CG group differences were more significant for the FBA, than for the FAA (Sec. 3.2, 3.6). These asymmetry measures exibited enhanced temporal correlations with BOLD activities of the large brain networks that were generally consistent, yet showed differences (Figs. 10-13) . Therefore, the two EEG-nf signals are not mutually redundant, but rather complement each other and the two rtfMRI-nf signals.
CONCLUSION
Our simultaneous real-time fMRI and EEG neurofeedback (rtfMRI-EEG-nf) procedure involving simultaneous modulation of the left amygdala and left rostral ACC hemodynamic activities, as well as frontal EEG asymmetries in the alpha band (FAA) and high-beta band (FBA), provided proof-of-concept demonstration of intended target engagements and modulation effects on recruited brain circuitry dynamics. Furthermore, we showed associations of EEG features such as the FAA and FBA with fMRI measures, clearly indicating the ability of both modalities to capture common aspects of brain neuronal activity. In our opinion, the rtfMRI-EEG-nf is worth implementation efforts, because it is a powerful approach to influence brain activity in a more experimentally controllable fashion and investigate resulting changes in spatial and temporal brain dynamics. Importantly, our study demonstrates that the rtfMRI-EEGnf has potential for effective treatment of MDD and can benefit depressed individuals. The described rtfMRI-EEGnf implementation with two rtfMRI-nf and two EEG-nf signals is an advanced and versatile neuromodulation tool. We note that effective mental strategies and imaginative experimental designs will be needed to take full advantage of the opportunities it offers.
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SUPPLEMENTARY MATERIAL
S1.1. fMRI data analysis
Offline analysis of the fMRI data was performed in AFNI (Cox, 1996; Cox & Hyde, 1997) . Pre-processing of single-subject fMRI data included time series despiking using the 3dDespike AFNI program with -localedit option. It was followed by correction of cardiorespiratory artifacts using the AFNI implementation of the RETROICOR method (Glover et al., 2000) . Further fMRI pre-processing involved slice timing correction and volume registration of all EPI volumes acquired in the experiment using the 3dvolreg AFNI program with two-pass registration. The last volume of the short EPI dataset, acquired immediately after the high-resolution anatomical MPRAGE brain image, was used as the registration base.
To enable transformation of the fMRI data to the Talairach space, the Talairach transform was first performed for each subject's high-resolution anatomical MPRAGE brain image. The image was subjected to explicit skull-stripping using the 3dSkullStrip AFNI program with -blur_fwhm option, and then transformed towards the standard TT_N27 template in the Talairach space using the @auto_tlrc AFNI program.
The fMRI activation analysis was performed according to the standard general linear model (GLM) approach. It was conducted for each of the five task fMRI runs (Fig.  1b) using the 3dDeconvolve AFNI program. The GLM model included two block-design stimulus condition terms, Happy Memories and Count, represented by the standard block-stimulus regressors in AFNI. A general linear test (-gltsym) term was included to compute the Happy vs Count contrast. Nuisance covariates included the six fMRI motion parameters and five polynomial terms for modeling the baseline. To further reduce effects of residual motion artifacts, the fMRI data and motion parameters were lowpass Fourier filtered at 0.1 Hz prior to the GLM analysis. GLM β coefficients were computed for each voxel, and average percent signal changes for Happy vs Rest, Count vs Rest, and Happy vs Count contrasts were obtained by dividing the corresponding β values (×100%) by the β value for the constant baseline term. The resulting fMRI percent signal change maps for each run were transformed to the Talairach space by means of the @auto_tlrc AFNI program. The individual highresolution anatomical brain image in the Talairach space was used as the transformation template. The maps were re-sampled to 2×2×2 mm 3 isotropic voxel size. Average individual BOLD activity levels were computed in the offline analysis for the LA and L rACC target ROIs, exhibited in Figs. 2a,b . The voxel-wise fMRI percent signal change data from the GLM analysis, transformed to the Talairach space, were averaged within these ROIs and used as GLM-based measures of these regions' BOLD activities. To compare BOLD activity levels for the left and right amygdala, we considered amygdala BOLD laterality, i.e. difference in the mean GLM-based fMRI percent signal changes between the LA and RA ROIs for each task, run, and participant. The LA and RA ROIs in this case were defined anatomically as the left and right amygdala regions specified in the AFNI implementation of the Talairach-Tournoux brain atlas.
S1.2. fMRI-based PPI analysis
To evaluate changes in the left amygdala fMRI functional connectivity between experimental conditions, we conducted a psychophysiological interaction (PPI) analysis (Friston et al., 1997; Gitelman et al., 2003) . The analysis was based on fMRI time course for an LA seed ROI. The seed ROI was defined anatomically as the left amygdala region specified in the AFNI implementation of the Talairach-Tournoux brain atlas. (We used the anatomical amygdala ROI, because the spherical LA target ROI (Fig. 2a) includes some voxels outside the amygdala proper). The seed ROI was transformed to each subject's individual EPI space. In addition, 10-mmdiameter ROIs were defined within the left and right frontal white matter (WM) and within the left and right ventricle cerebrospinal fluid (CSF) using the individual high-resolution anatomical brain image in the Talairach space (S1.1), and also transformed to the EPI space. The pre-processed fMRI data and the six fMRI motion parameters were bandpass filtered between 0.01 and 0.08 Hz using the 3dTproject AFNI program. The 3dmaskave AFNI program was then used to compute average fMRI time courses for the LA, WM, and CSF ROIs. The LA seed ROI time course was employed as the fMRI-based PPI correlation regressor. A PPI interaction regressor was defined for the Happy Memories vs Rest condition contrast as follows. A [Happy−Rest] contrast function was defined to be equal +1 for the Happy Memories condition blocks, −1 for the preceding Rest condition blocks, and 0 for all other condition blocks (Fig. 1b) . The LA time course was detrended, using the 3dTproject AFNI program, with respect to the time courses of the six fMRI motion parameters (together with the same time courses shifted by one TR), the time courses for the WM and CSF ROIs, and five polynomial terms. It was then deconvolved using the 3dTfitter AFNI program to estimate a time course of the underlying neuronal activity. This estimated 'neuronal' time course was multiplied by the [Happy−Rest] contrast function, and convolved with the same hemodynamic response function (HRF, 'Cox special') using the waver AFNI program. The resulting waveform was employed as the fMRI-based PPI interaction regressor for the Happy Memories vs Rest condition contrast.
A single-subject fMRI-based PPI analysis involved solution of a GLM model with the two PPI regressors using the 3dDeconvolve AFNI program. The GLM design matrix for each task run included four stimulus regressors, sixteen covariates of no interest, and five polynomial terms for modeling the baseline. The stimulus regressors included the fMRI-based PPI interaction regressor, the fMRI-based PPI correlation regressor, the Happy Memories block-stimulus regressor, and the Count blockstimulus regressor. The last two regressors were the standard block-design fMRI regressors in AFNI corresponding to the stimulus waveforms with 40-s-long condition blocks (Fig. 1b) . The covariates of no interest included time courses of the six fMRI motion parameters, time courses of the same parameters shifted by one TR, time courses of the left and right WM ROIs, and time courses of the left and right ventricle CSF ROIs. Each single-subject PPI analysis produced GLM-based R 2 -statistics and t-statistics maps for the fMRI-based PPI interaction and correlation terms for each run. These statistics were used to compute voxel-wise PPI interaction and correlation values. The resulting maps were subjected to the Fisher r-to-z normalization, transformed to the Talairach space, re-sampled to 2×2×2 mm 3 isotropic voxel size, and spatially smoothed using isotropic Gaussian blur with FWHM = 5 mm. The single-subject fMRI-based PPI interaction maps were submitted to whole-brain group PPI analyses that employed the 3dttest++ AFNI program.
S1.3. EEG data analysis
Offline analysis of the EEG data was performed in BrainVision Analyzer 2.1 (Brain Products, GmbH). Removal of MR and cardioballistic (CB) artifacts was based on the average artifact subtraction (AAS) method (Allen et al., 1998 (Allen et al., , 2000 implemented in the Analyzer. The MR artifact template was defined using MRI slice markers recorded with the EEG data. After the MR artifact removal, the data were bandpass filtered between 0.5 and 80 Hz (48 dB/octave) and downsampled to 250 S/s sampling rate (4 ms interval). The fMRI slice selection frequency (17 Hz) and its harmonics were removed by band rejection filtering. The MR artifact removal was performed for the 27 EEG channels, the ECG channel, and the 4 reference artifact channels (re-purposed FC1, FC2, TP9, TP10). Removal of CB artifacts and follow-up analyses were conducted for the 27 EEG channels only. The CB artifact template was determined from the cardiac waveform recorded by the ECG channel, and the CB artifact to be subtracted was defined, for each EEG channel, by a moving average over 21 cardiac periods. Cardiac periods with strong motion artifacts were not included in the CB correction.
Following the MR and CB artifact removal, the EEG data from the five task runs (Fig. 1b) were concatenated to form a single dataset. The data were carefully examined, and intervals exhibiting significant motion or instrumental artifacts were marked manually as "bad intervals" and excluded from the analysis. The signals from the 4 reference artifact channels were taken into account to more reliably identify data intervals affected by random head motions and distinguish them from intervals exhibiting neuronal activity (e.g. theta). Channel FCz was kept as the EEG reference throughout the analysis.
An independent component analysis (ICA) was performed over the entire dataset with exclusion of the bad intervals. This approach ensured that independent components (ICs) corresponding to various artifacts were identified and removed in a consistent manner across all five runs. The Infomax ICA algorithm (Bell & Sejnowski, 1995) , implemented in BrainVision Analyzer 2.1, was applied to the data from 27 EEG channels and yielded 27 ICs. Time courses, spectra, topographies, and kurtosis values of all the ICs were carefully analyzed to identify various artifacts, as well as EEG signals of neuronal origin. After all the ICs had been classified, an inverse ICA transform was applied to remove the identified artifacts from the EEG data. Because many artifacts had already been removed using the ICA, the data were examined again, and new bad intervals were defined to exclude remaining artifacts.
A time-frequency analysis was performed to compute EEG power for each channel as a function of time and frequency. The continuous wavelet transform with Morlet wavelets, implemented in BrainVision Analyzer 2.1, was applied to obtain EEG signal power in [0.5-30] Hz frequency range with 0.5 Hz frequency resolution and 4 ms temporal sampling. An EEG power as a function of time was then computed for each frequency band of interest.
S1.4. EEG-based PPI analyses
To investigate how temporal correlations between FAA (or FBA) and BOLD activity changed between experimental conditions, we performed PPI analyses adapted for EEG-fMRI (Zotev et al., , 2016 . The analyses followed the standard fMRI-based PPI analysis approach (Friston et al., 1997; Gitelman et al., 2003) , except that the initial deconvolution step, used to estimate an underlying neuronal activity from an fMRI time course, was skipped, and the actual EEG activity time course was employed. The EEG-based PPI analyses were conducted separately for the FAA and FBA time courses.
EEG-based PPI regressors for the FAA were defined in the following way. The FAA values, computed with 4 ms temporal resolution for each experimental run, were averaged for 200-ms-long time bins. The resulting waveform was linearly detrended and orthogonalized with respect to the Happy Memories and Count stimulus waveforms (Fig. 1b) using the glmfit() MATLAB program. This procedure removed variations in mean FAA levels across the conditions to focus the analysis on temporal FAA variations around the means. The FAA time course was then converted to z-scores across each run. The HRF ('Cox special') was calculated with 200 ms sampling using the waver AFNI program. Convolution of the z(FAA) time course with the HRF by means of the conv() MATLAB program yielded a regressor, which we employed as the EEG-based PPI correlation regressor. An EEG-based PPI interaction regressor was defined for the Happy Memories vs Count condition contrast as follows. A [Happy−Count] contrast function was set to be equal +1 for the Happy Memories condition blocks, −1 for the Count condition blocks, and 0 for the Rest condition blocks (Fig. 1b) . The z(FAA) time course was first multiplied by the [Happy−Count] contrast function, and then convolved with the HRF. This procedure is illustrated in Fig. S1 . The resulting waveform was used as the EEGbased PPI interaction regressor for the Happy Memories vs Count condition contrast. The two PPI regressorscorrelation and interaction -were sub-sampled to the middle time points of fMRI volumes. Two additional PPI regressors were defined in the same way using the powersum function instead of the FAA. Prior to its inclusion in the GLM model, the FAA-based PPI correlation regressor was linearly detrended and orthogonalized with respect to the corresponding power-sum-based PPI correlation regressor. Similarly, the FAA-based PPI interaction regressor was linearly detrended and orthogonalized with respect to the power-sum-based PPI interaction regressor. This procedure ensured that the two EEG-based PPI regressors specifically reflect temporal variations in the FAA rather than variations in the average power for the two channels. For the FBA, the PPI regressors were defined in a similar way starting with the FBA time course.
A single-subject EEG-based PPI analysis involved solution of a GLM model using the 3dDeconvolve AFNI program. The design matrix for each task run had the same structure as described above for the fMRI-based PPI analysis, except that the two EEG-based PPI regressorsinteraction and correlation -were used instead of the fMRI-based PPI regressors. The resulting PPI interaction and correlation maps were subjected to the Fisher normalization, Talairach transform, re-sampling, and spatial smoothing as described above. Whole-brain group PPI analyses were conducted for the EEG-based PPI interaction maps using the 3dttest++ AFNI program. The analyses included two covariates: the participants' MADRS depression severity ratings and average individual values of the PPI interaction effect for a WM mask. The WM mask was defined for each participant as follows. The individual high-resolution anatomical brain image in the Talairach space (S1.1) was thresholded to select WM regions only, and the resulting mask was multiplied by the standard WM mask in the Talairach space (TT_wm+tlrc). The mask was then re-sampled to 2×2×2 mm 3 voxels, and subjected to erosion by one voxel to improve its separation from gray matter. The resulting individual WM mask in the Talairach space contained, on average, ~10000 voxels. The EEG-based PPI interaction values, averaged within this WM mask, were used in the group analyses to better account for spurious PPI interaction effects. Such effects could be caused, e.g., by residual motion artifacts in the simultaneously acquired EEG and fMRI data.
S2.1. FAA changes vs psychological measures
All the correlations between the FAA changes and psychological measures, illustrated in Fig. 6 , remained significant when they were controlled for the EG participants' age and gender. The correlations between the FAA changes and the trait depression severity became more significant. NF, MADRS: r (12) Figure S2a shows whole-brain statistical maps for the EG vs CG group difference in the LA fMRI connectivity changes during the rtfMRI-EEG-nf training. The statistics are summarized in Table S2 . The results reveal three loci in the rACC area, characterized by the most significant EG vs CG group differences: (−8, 34, 7) with t=4.41, (−9, 41, 5) with t=4.04, and (3, 35, 9) with t=3.34 (Table S2) . These locations are pointed by green arrows in Fig. S2b . Figure S3 illustrates fMRI connectivity changes between the LA and three 10-mm-diameter spherical ROIs centered at the above-mentioned locations, during the five task runs for each group. The EG vs CG group differences in the fMRI connectivity changes for these ROIs were significant with large effect sizes: t(22) =3.31, p<0.003, d=1.43 for the (−8, 34, 7) centered ROI; t(22) =3.31, p<0.003, d=1.43 for the (−9, 41, 5) centered ROI; and t(22) =3.06, p<0.006, d=1 .32 for the (3, 35, 9) centered ROI. The average connectivity changes between the LA and the right rACC ROI centered at (3, 35, 9) showed significant negative correlation with the MADRS depression severity ratings for the EG (r=−0.55, p<0.027). (EG vs CG) in the left amygdala fMRI functional connectivity changes during the rtfMRI-EEG-nf training. The fMRI connectivity changes between the Rest and Happy Memories conditions (H vs R) were evaluated in the psychophysiological interaction (PPI) analysis, based on the LA time course. The individual PPI interaction results were averaged across the four nf runs (PR, R1, R2, R3). The maps are projected onto the standard TT_N27 anatomical template in the Talairach space. The number adjacent to each slice indicates the z coordinate in mm. Peak t-statistics values and the corresponding locations are specified in Table  S2 . (b) Loci in the rACC area, which exhibited the largest EG vs CG group differences, are pointed by green arrows: (−8, 34, 7) , (−9, 41, 5), and (3, 35, 9) . The green crosshairs mark the center of the L rACC target ROI. Table S1 . Psychological trait measures for the study participants. Psychological traits were assessed before the rtfMRI-EEG-nf session using the Hamilton Depression Rating Scale (HDRS), the Montgomery-Asberg Depression Rating Scale (MADRS), the Snaith-Hamilton Pleasure Scale (SHAPS), the Hamilton Anxiety Rating Scale (HARS), the State-Trait Anxiety Inventory (STAI), the Toronto Alexithymia Scale , and the Behavioral Inhibition System / Behavioral Activation System scales (BIS/BAS). 
S2.2. Amygdala-rACC connectivity changes
